The goal of increasing crop productivity and nutrient-use efficiency is being addressed by a number of ambitious research projects seeking to re-engineer photosynthetic biochemistry. Many of these projects will require the engineering of substantial changes in fluxes of central metabolism. However, as has been amply demonstrated in simpler systems such as microbes, central metabolism is extremely difficult to rationally engineer. This is because of multiple layers of regulation that operate to maintain metabolic steady state and because of the highly connected nature of central metabolism. In this review we discuss new approaches for metabolic engineering that have the potential to address these problems and dramatically improve the success with which we can rationally engineer central metabolism in plants. In particular, we advocate the adoption of an iterative 'design-build-test-learn' cycle using fast-to-transform model plants as test beds. This approach can be realised by coupling new molecular tools to incorporate multiple transgenes in nuclear and plastid genomes with computational modelling to design the engineering strategy and to understand the metabolic phenotype of the engineered organism. We also envisage that mutagenesis could be used to fine-tune the balance between the endogenous metabolic network and the introduced enzymes. Finally, we emphasise the importance of considering the plant as a whole system and not isolated organs: the greatest increase in crop productivity will be achieved if both source and sink metabolism are engineered.
INTRODUCTION
The research landscape for plant biology is gradually shifting away from the detailed study of the model plant Arabidopsis thaliana towards a more direct focus on agricultural problems, such as the need to increase the productivity of crop plants while reducing their requirement for water and mineral nutrient inputs. This situation is often described as a 'grand challenge', encapsulating the extreme scale of the problem. Increasingly these grand challenges are being tackled by coordinated teams of researchers with the relevant breadth of expertise, from genetics to cell and developmental biology to biochemistry. As a result, growing numbers of international consortia are undertaking ambitious and far-reaching bio-engineering projects to improve the efficiency of the biochemical processes that underpin plant growth (Ort et al., 2015) . These projects share a common theme of retro-engineering into crop plants solutions that have evolved in nature. For example, the wasteful oxygenase activity of Rubisco can be minimized by introducing C 4 photosynthesis into C 3 plants (von Caemmerer et al., 2012; Karki et al., 2013; Mallmann et al., 2014; Hibberd and Furbank, 2016; Li et al., 2016a; Schuler et al., 2016) and the water-use efficiency of crops would be dramatically improved by introduction of CAM photosynthesis (Borland et al., 2014; Yang et al., 2015) .
Although some people would argue that the challenge embodied by these projects is 'excessive' (Li et al., 2016a) and others have questioned whether these alternative photosynthetic modes will ultimately prove beneficial in crops in field conditions (Betti et al., 2016) , it is unarguably a boon to plant biology that such projects are being undertaken. Attempting such extensive retro-engineering of crops forces us to accelerate our understanding of the leaf development, cell biology and metabolism, bringing deep insight into fundamental aspects of plant biology. At the same time, these projects have the potential, however difficult to realise, to transform agriculture for the wider benefit of humanity. From an engineering perspective, there are two key aspects to the C 4 and CAM projects: first to alter leaf morphology (Kranz anatomy) or physiology (stomatal closure during the day) and second to engineer leaf metabolism such that the C 4 acid carboxylation and decarboxylation cycle characteristic of both photosynthetic modes operates at high flux and with appropriate spatial or temporal patterning. Given that it is known that the alteration of C 4 acid metabolism is not beneficial without the appropriate leaf morphology or physiology (Maurino and Weber, 2013) much of the research focus has naturally been on the identification of the relevant genetic regulators. However, the metabolic engineering component of these projects may be a lot more intractable than has been envisaged. Redirecting fluxes through central metabolism is notoriously difficult to achieve (in plants or in any other organism) and there have been very few examples of rational intervention of central plant metabolism that have had the desired outcome (Sweetlove et al., 2008; Morandini, 2013) . The most successful examples of plant metabolic engineering have involved the over-production of specialized metabolites and this approach is significantly easier to achieve (although still challenging) (Farr e et al., 2014) . In this review we will set out the reasons why central metabolism is so recalcitrant to engineering and will discuss the tools and strategies that could be employed to overcome this problem. There is cause for optimism: new molecular genetic tools and computational approaches are emerging that have the potential to revolutionise plant metabolic engineering and the prospect of sustained research into the development and application of these tools could herald a new era of precision-engineered crop plants.
THE DIFFICULTY OF ENGINEERING CENTRAL METABOLISM
At the core of any metabolic network is a 'high-flux backbone' (Almaas et al., 2004) generally referred to as central, or primary, metabolism. This is responsible for the transformation of the primary input nutrients into energy and a range of precursor metabolites that are used for producing the building blocks for the cellular polymers. There are two features of central metabolism that make it resistant to engineering intervention: it has multiple layers of regulation of its enzymes and transporters and it is highly interconnected with many of the metabolic intermediates participating in a large number of reactions. Both are major barriers to rational intervention. Even if the multiple layers of regulation are circumvented successfully in order to force a high flux through a specific set of reactions, the connected nature of the network means that this inevitably has consequences elsewhere in metabolism. The complexity of the network makes it extremely difficult to predict the consequences of a specific engineering strategy. If one has any doubt as to the difficulty of redirecting fluxes in the central metabolic network of plants, then consider that even when working with much simpler microbial organisms it is estimated that the engineering of strains that over-produce a target compound to economically relevant levels takes 6-8 years and over US$50 million . Clearly these figures will be considerably higher when dealing with multi-cellular organisms with more complex central metabolic networks.
To illustrate the problem caused by these features of the metabolic network, we can look at attempts to improve plant nitrogen assimilation by overexpression of key proteins of the nitrogen assimilation machinery. The protein most commonly targeted has been the cytosolic isoform of the enzyme glutamine synthetase, mainly because of genetic evidence that it is a quantitative trait locus (QTL) for nitrogen use efficiency in a number of cereal crops (Obara et al., 2001; Gallais and Hirel, 2004; Habash et al., 2007) . However, transgenic overexpression of this gene has generally not reproduced the QTL effect. At least part of the reason for this failure is that the assimilation of nitrogen through the glutamine synthetase pathway uses approximately 15% of the cellular ATP budget (Seger et al., 2009) and is therefore strictly regulated at the gene, transcript and protein levels (Figure 1 ). These include regulation of transcript stability according to cellular C:N ratios (Simon and Sengupta-Gopalan, 2010) , post-translational modification of enzyme activity by phosphorylation, 14-3-3 protein binding and nitrosylation (Finnemann and Schjoerring, 2000; Melo et al., 2011; Thomsen et al., 2014) as well as turnover of the enzyme regulated by NH 4 + availability (Ortega et al., 1999) . As a consequence, although the enzyme has been successfully overexpressed in several different species, these regulatory mechanisms served to ensure that glutamine synthetase activity in the transgenic plants was, in many cases, maintained at wild-type levels (Ortega et al., 2001; Fei et al., 2006; Seger et al., 2009) . When tackling less extensively regulated parts of the nitrogen assimilation machinery, such as NO 3 À and NH 4 + uptake, the problem of unbalancing the wider metabolic network is apparent, leading to deleterious phenotypes (Bao et al., 2015) . This outcome is because the uptake of NO 3 À and NH 4 + each affect pH homeostasis in opposing ways (Fan et al., 2016) and also because nitrogen assimilation needs to be matched to carbon status in order that sufficient carbon skeletons can be supplied for glutamine synthesis (Yu et al., 2016) . The layers of transcriptional and post-transcriptional regulation can often be overcome by expression of a gene homologue from a different lineage where the regulatory mechanisms are different (D ıaz de la Garza et al., 2004) or by identifying mutant genes encoding enzymes in which post-translational control has been eliminated or altered. However, high-flux core enzymes are regulated for a reason and breaking that regulation can be expected to have negative consequences for the balance of the metabolic network as a whole unless additional remedial rewiring of the network is undertaken.
In addition to the daunting challenge of re-routing metabolic flux at a particular point in the network while maintaining homeostasis in the rest, there are a number of other problems to consider when attempting to engineer central plant metabolism. First, the high connectivity of the network and multiple isoforms of enzymes within the same cell (Sweetlove and Fernie, 2013) means that it is robust to genetic change. While this is advantageous for the plant, it makes life extremely difficult for the metabolic engineer. A common outcome of metabolic engineering interventions in central metabolism is that the network is able to 'work around' the introduced enzyme(s) by using alternative routes or changing flux modes (Sweetlove et al., 2008) . Hence it may be necessary to consider and engineer all alternative routes through the network if flux is to be forced down a particular route. Similarly, if the goal is to change the accumulation of a metabolite or end-product, it may be necessary to simultaneously enhance the rate of synthesis and suppress the rate of degradation of the target metabolite or end-product (Sweetlove et al., 1996) and this has been attempted in several plant metabolic engineering strategies . For example, total lysine content was increased by approximately 20% in rice seeds following the overexpression of an unregulated bacterial dihydrodipicolinate synthase (DHPS) and the simultaneous suppression of the lysine catabolic enzyme lysine ketoglutaric acid reductase/saccharopine dehydropine dehydrogenase (Wang and Galili, 2016) .
A second problem is that the complexity of the network is such that the outcomes of intervening at a particular reaction can be highly non-intuitive. This means that metabolic engineering strategies based on inductive reasoning may well be flawed. As we will argue later, computational models can help to address this problem. This has been extensively demonstrated by the microbial metabolic engineering community but has not yet been widely implemented in plants. One metabolic engineering was directed by computational modelling involved engineering lignin synthesis in poplar. A combination of experimentally determined enzyme abundance data and measurements of enzyme kinetic parameters was used to predict the regulation of the pathway of monolignol synthesis. Several of these predictions were confirmed using transgenic plants demonstrating the utility of such modelling for devising metabolic engineering strategies (Wang et al., 2014) . A final, and often overlooked issue, is that the abundance of introduced enzymes relative to one another is extremely important for maintaining metabolic homeostasis. Indeed, metabolic engineering studies in microbes have demonstrated that achieving the optimum balance of enzyme activities can be more important that the absolute level of enzyme overexpression (Peralta-Yahya et al., 2012) . In endogenous metabolic pathways the relative abundance of the enzymes can differ by several fold (Figure 2) . This is necessary because of the differing thermodynamics of adjacent reactions combined with the need to maintain metabolite levels within a fairly narrow range (Tepper et al., 2013) . Considering this, it should be obvious that simply overexpressing a suite of enzymes using the same strong promoter will unbalance the metabolic pathway with the inevitable consequence that some of the pathway intermediates will begin to accumulate (Pitera et al., 2007) . Not only will this reduce pathway flux due to product-inhibition or allosteric regulation, but metabolite accumulation is (directly or indirectly) toxic to the cell. This problem is a substantial one because we currently have only rudimentary tools to control protein abundance from introduced transgenes.
INTRODUCING MULTIPLE TRANSGENES INTO PLANTS
Historically, plant metabolic engineering has been predicated on the introduction of one or two transgenes, largely because of the laborious and time-consuming nature of plant transformation. This is not to say that plant biologists are unaware of the advantage of multiple transgenes for more effective metabolic engineering (Naqvi et al., 2010) and in recent years more effort has been put into multitransgene metabolic engineering, especially for the manipulation of secondary metabolism e.g. (Farhi et al., 2011) . The requirement for multigene manipulation is, in part, due to the control structure of the metabolic network. Metabolic control analysis has demonstrated that most, if not all, enzymes in a metabolic pathway contribute to control of its flux (Fell, 1997; Morandini, 2013) . Hence, there is no such thing as a 'rate-limiting step' or 'key enzyme', although both of these terms still regularly appear in the literature. Shared control means that the greatest change in pathway flux will be achieved if all enzymes in a pathway are targeted, especially when you consider that increasing the amount of one enzyme will decrease its flux control coefficient while those of other enzymes increase as a result (Fell, 1997) . This has recently been described as 'serial bottlenecks' (Farr e et al., 2014) although this terminology is not helpful because it reinforces the idea of a rate-limiting step.
When attempting to engineer a pathway of specialized metabolism it is probably sufficient to concentrate solely on the enzymes involved in the biosynthesis of the target compound because such pathways are often relatively unbranched and positioned towards the periphery of the network. It may also be necessary to additionally consider the supply of precursor to that pathway (Farr e et al., 2014) . However, when tackling central metabolism, these changes alone are unlikely to be sufficient. Instead, it will also be necessary to consider the perturbation to connected pathways (which are numerous) and wider network-level consequences caused by, for example, perturbation of redox/ energy homeostasis or sequestration of limiting nutrients. This can significantly increase the number of genetic manipulations required to achieve the desired flux change in the target pathway. To give an example, manipulation of the central metabolic network of the bacterium Corynebacterium glutamicum to over-produce lysine at levels equivalent to the best strains developed by random mutagenesis and strain selection, required 12 independent transgenes to be introduced (Becker et al., 2011) . More transgenes will obviously be required if lysine yield is to be further improved. If we consider the challenge of converting a C 3 plant to C 4 photosynthesis, even the introduction of the core C 4 metabolic cycle will push conventional Each enzyme is represented by a green circle, the diameter of which is proportional to the amount of protein in a dark grown Arabidopsis cell culture, as estimated by quantitative proteomics (Baerenfaller et al., 2008) . Only the mitochondrial isoform(s) of each enzyme is considered. Where more than one mitochondrial isoform was present, the summed abundance was calculated. For enzymes with multiple subunits (OGDH and SDH), the holoenzyme abundance was calculated from the component subunits. There was an approximately five-fold abundance range between the most and least abundant enzymes (OGDH and FUM, respectively plant genetic engineering techniques to their limits (Li et al., 2016a) . It is likely that metabolic transgenes beyond the core C 4 cycle will be required given the large number of metabolic genes associated with the C 4 trait (K€ ulahoglu et al., 2014; Burgess et al., 2016) and the potential for system-wide perturbation of metabolism, for example due to the altered requirement for reducing power (Kramer and Evans, 2011) .
There have been several developments in plant genetic manipulation technologies that have the potential to take us into an era where multi-transgene transformation of the magnitude required for engineering central metabolism is feasible and routine. The first of these, combinatorial cotransformation, has gone somewhat under the radar but is extremely powerful and is beginning to be more widely used. The technique relies on co-transformation with multiple simple plasmids, each containing a single transgene construct. Typically biolistics is used to introduce the plasmids, but other methods may be employed such as protoplast transformation when regeneration of whole plants is possible by this route. There are two features of genomic integration of DNA introduced in this way that are the key to the power of the technique. The first is that, for each transformation event, all transgene constructs tend to be integrated into the plant genome at the same locus, meaning that they co-segregate within subsequent generations (Bock, 2013) . The second is that each transformation event is different, with variations in the integration locus, the number of constructs successfully integrated and the genomic structure of the integron. This variety is the source of the 'combinatorial' power of the technique: by screening a large library of transgenic lines, one can identify the combination of constructs and expression levels that provides the best outcome with respect to the metabolic engineering target. Given that we are not able to reliably predict the combinatorial effects of transgenes or easily control their expression levels, this is a genuine advantage. The method was first demonstrated by generating a library of maize transgenics with altered carotenoid composition (Zhu et al., 2008) and subsequently used to engineer three separate metabolic pathways for the creating of 'multivitamin corn' (Naqvi et al., 2009) . A recent tour-de-force metabolic engineering study designed to over-produce the antimalarial drug artemisinin in tobacco represents the fullest exploitation of the power of the approach to date (Fuentes et al., 2016) . First, genes encoding the four core enzymes required for biosynthesis of artemisinin from isopentenyl precursors were introduced into the chloroplast genome. In addition to this core pathway, a number of 'accessory' enzymes have been suggested to be important for optimal artemisin production. Given limited knowledge of the relative importance of these accessory proteins, the nuclear genomes of the chloroplast-transformed lines were supertransformed by combinatorial co-transformation to identify the optimal combination of accessory proteins. This allowed the identification of transgenic lines that produced nearly 100-fold more artemisinin and provided new insight into the specific roles of the accessory proteins.
Another development that will clearly revolutionise plant metabolic engineering is CRISPR-Cas mediated genome editing. This technique is being rapidly adopted by the plant community as a robust and simple way to create targeted mutations (Puchta, 2016) , but the low rate of homologous recombination in higher plants makes knock-in of transgenic DNA more challenging. One elegant strategy to deal with this issue is to create a single construct, stably integrated into the genome via T-DNAs, that contains the Cas9 gene, a guide RNA for the target site and a gene construct to be knocked-in flanked by sequences homologous to the target site (Schiml et al., 2014) . Crucially, the knockin gene construct is also flanked by Cas9 recognition sites and so a total of three double-stranded breaks are created by Cas9: one in the target site, activating it, and two to release the 'knock-in' construct. Because the knock-in construct is continuously generated in a large number of cells throughout the lifetime of the plant, it will occur in cells with higher rates of homologous recombination and over a longer period than with conventional transformation methods. An alternative and simpler strategy for CRISPRCas-mediated transgene knock-in is to target the knock-in construct to an intronic region (Li et al., 2016b) . This allows exploitation of the dominant non-homologous end-joining (NHEJ) DNA repair pathway by virtue of the fact that the resulting small insertions/deletions introduced into the intron-knock-in-construct junction are unlikely to affect subsequent mRNA splicing or expression of the knocked-in construct. Using this approach, a 1.6 kbp gene construct was introduced to a target intronic region with an efficiency of 2.2%.
A massive benefit of targeted genomic transgene knockin is that it will be possible to create genomic 'landing pads' for the introduced genes -non-coding regions of the genome from which good transgene expression levels can be achieved. This avoids inadvertent creation of insertion mutations and also, more crucially, reduces variability between transgenic lines due to positional effects. In comparison with the combinatorial co-transformation approach, the main disadvantage of the CRISPR-Cas methods is that they remain dependent upon Agrobacteriummediated transformation and this places limits on the size of the transgenic construct that can be introduced in one go. However, the combination of CRISPR-mediated knockin, combinatorial co-transformation, chloroplast genome transformation and modular gene construct assembly, e.g. using Golden Gate (Engler and Marillonnet, 2013) , provide the metabolic engineer with a rich set of tools that make large-scale multi-transgene interventions more feasible than ever before.
THE IMPORTANCE OF MODELLING
Armed with the ability to introduce multiple transgenes into plant genomes in a controlled or combinatorial manner, we are immediately faced with a crucial question: which transgenes should we introduce? As discussed earlier, the highly connected nature of central metabolism means that intuitively deduced engineering strategies are likely to be flawed. It is clear that a detailed computational model of the metabolic network under consideration would provide an important tool to devise and rapidly test different metabolic engineering strategies. The model must capture the behaviour of the metabolic network and fundamental constraints on its operation (e.g. limited oxygen supply within bulky tissues such as tubers and seeds). There have been many advances in mathematical modelling of metabolism, and these can roughly be divided into kinetic models and stoichiometric models (Baghalian et al., 2014) . The former are detailed mathematical descriptions of individual reactions or processes (Shi and Schwender, 2016 ). These models are powerful in that they can capture the regulatory response of the system to perturbation. They can also allow the distribution of flux control in a given pathway to be computed which provides a rational basis for choosing which enzymes to manipulate. However, even though these models have been successfully used for the design of microbial bioprocesses (Almquist et al., 2014) and to understand and manipulate central metabolism in plants (Beauvoit et al., 2014) wider use of this modelling approach is limited by the difficulty of obtaining kinetic parameters on a large scale. Usually kinetic parameters are determined by analysis of purified enzymes which is both laborious and prone to error due to changes in protein state during purification or expression in a heterologous host. A promising new approach is to derive enzyme kinetic parameters by fitting the parameters in Michaelis-Menten rate expressions to metabolomic, proteomic and fluxomic data, as was demonstrated for E. coli (Hackett et al., 2016) and Arabidopsis (N€ agele et al., 2010) . Not only does this provide a fully parameterised kinetic model but it also identifies all biologically relevant regulators and effectors of enzyme activity. However, the complication of multiple cell types and subcellular compartmentation may dilute the effectiveness such an approach if applied to plants.
Stoichiometric models, in contrast, rely only on information about the stoichiometry of the metabolic reactions considered in the model, and with wide access to genomesequence data it has become possible to generate models that are genome-wide, generally referred to as genomescale metabolic models (GEMs) (de Oliveira Dal'Molin and Nielsen, 2013; Nikoloski et al., 2015; O'Brien et al., 2015) . Metabolic network fluxes can be predicted from these models by applying experimental constraints and by optimizing an objective function that encapsulates the goal of the network (e.g. to maximize the synthesis of new biomass for growth). Because one of the constraints often applied is that metabolite concentrations are at steady state, the approach is commonly known as flux-balance analysis (FBA). Due to their scale, stoichiometric models are useful as tools to interpret 'omics data from a metabolic perspective (T€ opfer et al., 2013) and have found widespread application in microbial metabolic engineering as a way of systematically exploring network changes for a specific engineering goal (King et al., 2015; Long et al., 2015a) . This approach can include the systematic analysis of knockouts or knock-ins (Zomorrodi et al., 2012) , with the latter allowing the consideration of heterologous genes for the introduction of metabolic capabilities in addition to those existing within the endogenous network. Stoichiometric models are also excellent tools for exploring the full capabilities of the endogenous network, including the identification of alternative routes and pathways (Cogne et al., 2011; Cheung et al., 2015) and this knowledge is also invaluable for the design of metabolic engineering strategies. The main drawback of stoichiometric models is that they do not describe the regulation of the metabolic network and so have low predictive ability concerning the outcome of transgene expression where network regulation is perturbed.
Looking forward, there are several important areas of development that will further improve the scope and utility of stoichiometric models. The first is the incorporation of some enzyme kinetic information into stoichiometric models. A recent analysis of a small-scale hybrid kinetic-FBA model demonstrated that the introduction of a relatively small number of enzyme kinetic expressions can substantially improve the predictive accuracy of FBA, especially if those expressions describe initial reactions in the metabolism of exogenous substrate and those reactions at important network branch points (Pozo et al., 2015) . However, the introduction of kinetic expressions converts the optimization problem from a linear to a non-linear one and this massively increases the computational time required to solve the problem. A second development in plant FBA models is to link them to external environmental parameters that are known to have a direct effect on a particular metabolic process. For example, the effect of environmental parameters such as light, temperature and humidity affect the carboxylation: oxygenation ratio of Rubisco, a key consideration of the efficiency of photosynthesis. Two recent FBA models have incorporated ancillary models to account for this (Mallmann et al., 2014; Bogart and Myers, 2016) , although again at the cost of introduction of non-linear mathematics. A third advance is linking flux solutions to the requirement to synthesize the required enzymes (O'Brien et al., 2013) . This allows the cost of synthesizing proteins associated with different pathways to be considered. As protein synthesis is expensive in terms of ATP, the magnitude of flux and the required catalytic efficiency is an important factor for determining the upper bound for the flux through a given pathway. Furthermore, there is often a trade-off between pathways that are costly to synthesize but result in more energy generation, such as respiration, and pathways that are cheap to synthesize but results in less energy generation, such as fermentation. By incorporating information about protein synthesis, or costs of synthesizing proteins, and the catalytic efficiency of enzymes it is therefore possible to describe more complex metabolic shifts, such as the Crabtree effect in yeast (Nilsson and Nielsen, 2016) . Even though this modelling approach will require information about the kinetics of all enzymes in the metabolic network, it offers many opportunities for improving the simulation capabilities of GEMs.
TRY AND TRY AGAIN -THE NEED FOR ITERATION
Metabolic models can help us sift through the complexity of the central metabolic network and guide the design of metabolic engineering strategies. However, our current models do not account for the complete hierarchy of control mechanisms and cannot, therefore, predict all aspects of the response of the system to genetic intervention by the metabolic engineer. As a consequence, it is likely that the system will resist the enforced metabolic change, or that the system will respond in an unexpected way to the detriment of the functioning of the engineered pathway or the system as a whole. For example, alteration of the metabolite profile can result in widespread changes in the transcriptome as a result of signalling pathways that link metabolic status to gene expression (Ladurner, 2006) . In other words, we can reasonably expect the first metabolic engineering strategy to fail to achieve the expected changes in metabolic network fluxes. This applies not only to complex systems such as plants, but even to singlecelled microbes. As a result, microbial metabolic engineers now follow a well-established iterative path to success and we argue that plant metabolic engineers should be following suit. This path has been dubbed the 'design-build-testlearn' cycle in recognition of the typical components of the iterative process . To achieve success, it is absolutely crucial to examine the metabolic phenotype of the initial engineered organism to understand why the engineered pathway is not performing as anticipated. This knowledge can then be used to make further changes to the metabolic network in a subsequent round of genetic intervention. The full cycle may have to be repeated multiple times before the engineered pathway network is functioning in the way intended.
One of the few instances where this iterative approach has been applied for engineering of plant central metabolism is in the successful conversion of native plant fatty acids to the omega-3 long-chain polyunsaturated fatty acids (LC-PUFA) eicosapentaenoic acid (EPA; 20:5Δ 5, 8, 11, 14, 17 ) and docosahexaenoic acid (DHA, 22:6Δ 4, 7, 10, 13, 16, 19 ) (Haslam et al., 2016) . These omega-3 fatty acids are beneficial components in the human diet and can be use as additives to improve the sustainability of fish farming. Biosynthetic pathways for these fatty acids are present in algae but are absent in higher plants. There are two biosynthetic routes known as the conventional D6-pathway and the alternative D9-pathway, which vary in the sequence and positions of desaturations (double bond addition) and chain elongation (Figure 3) . In 2004 two groups introduced these pathways into transgenic higher plants; the alternative pathway being expressed in Arabidopsis leaves (Qi et al., 2004) and the conventional pathway in linseed (Abbadi et al., 2004) . The alternative pathway has also been successfully introduced into the oleaginous yeast Yarrowia lipolytica (Xue et al., 2013) . Although EPA and DHA were produced in both sets of transgenic plants, yields were modest and the accumulation of early intermediates in the pathways such as C18 Δ6 desaturation products, suggested that the pathways were not functioning in an optimal manner. The problem was eventually pinned down to the fact that the introduced elongase and desaturase enzymes use different lipid pools as substrates: the elongase using acyl CoAs and the desaturases using phosphatidyl choline. Limited exchange of the non-native fatty acids between these lipid pools prevented efficient production of the desired omega-3 LCPUFAs (Napier, 2007) . This problem was solved by use of acyl-CoA-dependent Δ6-desaturases, thus enabling desaturation and elongation to occur on the same lipid pool (Hoffmann et al., 2008; Petrie et al., 2010; Sayanova et al., 2012) . Further iterative optimization of combinations of the non-native enzymes were then undertaken using transient expression in Nicotiana benthamiana (Petrie et al., 2011) or stable transformation of Arabidopsis (Domergue et al., 2005; Ruiz-Lopez et al., 2013) . Detailed lipidomic analysis allowed the performance and functioning of the introduced pathways to be assessed. Finally, the best performing gene combinations were transferred to Camelina sativa, an established oilseed crop, for large-scale production. The culmination of the work, some 12 years after the initial metabolic engineering was reported, was a set of transgenic C. sativa plants with high levels of omega-3 LCPUFAs in their seed oil (up to a quarter of total fatty acid on a molar basis) in equivalent proportions as found in fish oils (Ruiz-Lopez et al., 2014) . Field trials of these plants are underway and initial results suggest that the transgenic plants can produce the modified seed oil without a yield penalty (Usher et al., 2015) .
Although this example amply illustrates the benefit of an iterative approach to metabolic engineering, it also shows how time consuming and labour intensive this approach currently is for plant engineering. The main bottleneck is the time taken to make transgenic plants. Even for model plants such as Arabidopsis, it takes 5-6 months to obtain tissue from homozygous transgenic lines. For crops plants the timeframe will be more like 12-18 months. This severely restricts that number of transformation cycles that are practically feasible. In recognition of this problem, the concept of using 'testbed' plants has emerged -the metabolic engineering is first tested and optimized in plants that are easy to transform and grow before transferring to crop plants. Indeed, this step was a critical phase of work in the omega-3 fatty acid engineering, but most of the work used transgenic Arabidopsis as a testbed and took still many years to complete. Indeed, for oilseed engineering it may be preferable to work directly in Camelina sativa as, in contrast with most crop species, it can be transformed by the floral-dip method (Liu et al., 2012) . The use of transient expression in Nicotiana species for more rapid testing of transgene combinations was also used and this idea had gained support (Leonelli et al., 2016) . However, this approach is not suitable for metabolic engineering outcomes such as enhanced growth, which cannot reliably be assessed in the transient expression window. Transient expression also has the disadvantage of a high degree of variability between transformed leaves and the complicating factor of a pathogen-defence response due to the presence of Agrobacterium. Tobacco has also been suggested as a testbed plant, particularly for engineering photosynthetic metabolism because, in addition to being easy to transform, it forms a closed canopy that shares some properties with crops in the field (Long et al., 2015b) . However, although tobacco has a high transformation efficiency, the time taken to complete the transformation cycle is not especially fast. Much more promising is the idea of utilizing plants such as bryophytes and liverworts that have prolonged haploid phases in their lifecycles. Transformation of haploid plants means that homozygous transformants can be recovered in 4-6 weeks, dramatically shortening the iterative engineering cycle. The moss Physcomitrella patens is already a well established model system, while the liverwort Marchantia polymorpha is gaining traction as a chassis for synthetic biology (Bowman et al., 2016) . Not only do these organisms have the benefit of fast transformation, but their small size allows the screening of much larger libraries of transformants, making them ideally suited for combinatorial co-transformation.
FINE TUNING THE SYSTEM
Probably the best outcome one can hope for from the first round of metabolic engineering is that the engineered parts of the metabolic network function but at a sub-optimal level. The most important part of the iterative metabolic engineering cycle is to establish why and subsequently devise a strategy to optimize the engineered pathways. This requires a detailed and system-wide analysis of the metabolic phenotype of the transgenic line. The quickest way to gain a comprehensive insight into the metabolic phenotype is to use metabolomic techniques to provide an extensive metabolite profile (Roessner et al., 2000; Trethewey, 2004 ). This approach is an extremely good way of homing in on which parts of the metabolic network are perturbed. However, because the relationship between metabolite levels and reaction flux can be highly non-intuitive (Kruger and Ratcliffe, 2009) , it can be extremely difficult to interpret metabolomic changes in terms relevant to metabolic engineering. Ideally, then, one would make estimations of the fluxes of reactions throughout the central metabolic network using isotope labelling experiments (O'Grady et al., 2012) . Unfortunately, this approach is labour-intensive and low-throughput (Junker, 2014) , especially for leaves in which labelling time courses are required in order to estimate fluxes (Szecowka et al., 2013; Ma et al., 2014) and is likely to remain so for the foreseeable future. To be compatible with the time constraints of the iterative metabolic engineering cycle, it may be necessary to compromise on the accuracy of the flux mapping. While isotope-labelling-based flux analysis is the goldstandard for estimation of metabolic network fluxes, constraints-based modelling approaches can provide remarkably accurate estimates of flux (Williams et al., 2010; Cheung et al., 2013; Schwender et al., 2015) and recapitulate known metabolic behaviour (Cheung et al., 2014; Lakshmanan et al., 2015; Rolletschek et al., 2015) without isotope labelling information. This type of modelling still requires experimental data to constrain the model, but these are generally parameters that can be measured at medium throughput such as biomass composition metabolite levels, enzyme activities (Gibon et al., 2004) , growth rate and gas exchange. Naturally, when assessing the flux distributions predicted from such models, the metabolic engineer needs to be aware that many fluxes are not precisely defined and the relationship between the predicted flux distribution and the actual flux distribution depends on how well the optimality assumptions and network constraints capture the forces operating on the in vivo network (Sweetlove and Ratcliffe, 2011; de Oliveira Dal'Molin and Nielsen, 2013) .
One problem that may be revealed by metabolite profiling is the accumulation of a metabolite or group of metabolites, indicating an unbalancing of relative enzyme stoichiometries in the engineered system. Currently, the plant metabolic engineer has only limited tools to control transgene expression level: most of the promoters that have been developed for plant transgene expression are focussed on the developmental timing or tissue specificity of their activity, rather than the strength of transcriptional activation. Indeed, most plant metabolic engineering experiments continue to use strong constitutive promoters such as 35S. But rapid progress is being made in the design of synthetic promoters with varying expression strength (Dey et al., 2015) . Moreover, these can be combined with synthetic transcriptional activators to allow coordinated expression of multiple transgenes (Liu and Stewart, 2016) . Alternatively, inactivated Cas9 in combination with a guide RNA that both recruits Cas9 to a specific genomic target and binds to a transcriptional activator can be used (Zalatan et al., 2014) . By changing the number of binding hairpins on the RNA, it was possible to deliver different numbers of transcriptional activator protein to the promoter site leading to a three-fold range in target gene expression.
There are several issues with attempting to control enzyme abundance with synthetic promoters and transcription factors, not least of which is the fact that mRNA stability, translation rate and protein turnover rate will all contribute to the final abundance of the expressed protein.
But even if we had synthetic tools to influence each of these levels of regulation in a quantitatively predictable fashion, we would still be faced with a final and significant problem: deciding what the target abundance of an introduced enzyme (or transporter) should be in order to avoid metabolite imbalance. This number can be calculated from an enzyme kinetic model, but these models are rarely sufficiently extensive to include all of the major enzymatic processes that involve a given metabolite. One promising way around this problem is to utilize metabolite-responsive transcription factors (Cress et al., 2015) . This approach allows the expression of an enzyme-encoding gene to be linked to the product or substrate metabolites of the reaction catalyzed. For example, the build-up of a product metabolite would lead to repression of the transgene. This type of automatic dynamic control of engineered metabolic pathways provides a mechanism to correct for unexpected metabolite imbalances and, importantly, can do so without any prior knowledge of the ideal relative abundance of the introduced enzyme. Several studies have successfully used naturally occurring and synthetic metabolite-responsive transcription pathways for bacterial metabolic engineering (Liu et al., 2013; Wang et al., 2014; Xu et al., 2014a,b; Yuan and Ching, 2015) but the approach has not yet been applied to plants.
Another problem that is also often encountered, is a poor match between the regulatory/kinetic properties of the endogenous metabolic system and the new requirements placed on that system by a high-flux engineered pathway. This problem was encountered, for example, when attempting to introduce the Calvin-Benson-Bassham (CBB) cycle into E. coli (Antonovsky et al., 2016) . For this attempt, a metabolic engineering strategy was devised using a constraints-based flux-balance model that led to the following approach: in addition to expressing two heterologous enzymes, Rubisco and phosphoribulokinase, to complete the enzymatic complement required for the CBB cycle, an enzyme of gluconeogenesis was also knocked out (Figure 4 ). This deletion prevented the flow of carbon between heterotrophic energy metabolism and the CBB cycle, allowing exogenously supplied pyruvate to be used to generate energy via the tricarboxylic acid (TCA) cycle without it being possible for the pyruvate to contribute carbon skeletons to the reconstituted CBB cycle. In this scheme, carbon fixation by the CBB cycle would be driven by energy supplied by the TCA cycle and oxidative phosphorylation. The engineered E. coli would only be able to grow on pyruvate as a sole organic carbon if the CBB cycle was also successfully fixing CO 2 into triose phosphates. This is because the block in gluconeogenesis prevents the conversion of pyruvate into key phosphosugar precursors for several important biosynthetic components such as aromatic amino acid biosynthesis.
Unfortunately, in contrast with the computational predictions, the engineered organism proved to be incapable of growth in this scenario. Instead, growth was only possible when a pentose sugar, such as xylose that could directly feed the CBB cycle, was supplied in addition to pyruvate. This suggested that the engineered CBB cycle was not autocatalytic, most likely because of an imbalance between the kinetics of the two introduced enzymes and those of the endogenous system. One approach to solve this problem would be to identify the nature of the imbalance using experimental flux mapping and then to utilize an enzyme kinetic model of the relevant parts of the network to predict the change in enzyme kinetic properties to bring the system into a state in which the CBB cycle could operate at high flux. However, fine tuning an enzyme's kinetic properties is not easily possible by rational design. So instead, Antonovsky et al. (2016) used directed evolution to select for strains that improved their growth rate when growing on pyruvate and limiting xylose. After 60-130 days of chemostat culture under these selective conditions, strains evolved that were able to grow rapidly on pyruvate and CO 2 as the sole carbon sources. Analysis of these strains revealed mutations in one of the endogenous network enzymes, ribose-phosphate diphosphokinase (prs), which uses ribose-5-phosphate as its substrate and hence represents a branch point between the introduced CBB cycle and endogenous metabolism. It was found that the mutations led to a two-fold decrease in the K cat /K m ratio of prs. Subsequent kinetic modelling demonstrated that this was required to ensure that the rate of withdrawal of ribose-5-phosphate was sufficiently low that the CBB cycle was able to complete a full cycle.
It is highly likely that attempts to manipulate the timing or spatial organization of carbon fixation in C 3 plants in order to improve the efficiency of photosynthesis will run into similar problems. The introduction of enzymes with different kinetic properties may be incompatible with the regulatory and kinetic properties of enzymes in connecting parts of the endogenous network. This will either prevent the introduced enzymes from functioning as expected, or worse, will disrupt the homeostatic function of the endogenous network. Unfortunately, this problem cannot be solved in plants by directed evolution as in the E. coli example, because the endogenous mutation rate is too low and the generation time is too long. However, a similar approach, which has been dubbed 'evolutionary engineering' (Li et al., 2016a) is possible. This envisages the use of chemical mutagenesis and screening of large numbers of mutant individuals. Li et al. (2016a) suggested that this could be done using Arabidopsis and envisage screening 125 000 mutant seedlings. While this number represents saturation in genetic terms (i.e. a 95% probability of finding a mutation in any given base pair) larger screens would improve the chances of alighting on the precise alteration of enzyme amino acid sequence that would alter its kinetic properties in such a way as to rebalance the system. The approach would also be more powerful if multiple rounds of selection and re-mutagenesis were undertaken in order to fully replicate the exploratory power of directed evolution (Acevedo-Rocha et al., 2014) .
THE PLANT AS A WHOLE SYSTEM
A final aspect to consider is that plants consist of a number of functionally distinct but metabolically interdependent Figure 4 . Uncoupling of energy production and carbon fixation in E. coli to achieve hemiautotrophic growth. The blue reaction steps are modified for this purpose. This modification includes the introduction of recombinant enzymes for Rubisco and phosphoribulose kinase whilst the rest of the Calvin-Benson cycle enzymes can be co-opted from the gluconeogenic and pentose phosphate pathways of the host. Uncoupling is achieved by deletion of the phosphoglycerate mutase genes (DgpmA and DpgmM) which partitions metabolism into two modules: the CO 2 fixation module which included the upper half of glycolysis and an energy module comprising of the lower half of glycolysis and the TCA cycle. The modules are not completely separate as the energy module provides ATP and reducing equivalents in the form of NADH to the CO 2 fixation module. Biomass is thus produced by both modules and CO 2 and energy carriers are the sole inputs for the production of biomass in a carbon fixation cycle. Abbreviations; Ru5P, ribulose-5-phosphate; RuBP, ribulose-1,5-bisphosphate; prk, phosphoribulose kinase, Rubisco, ribulose-1,5-bisphosphat-carboxylase/-oxygenase. Modified from Antonovsky et al. (2016). organs. When considering plant-level parameters such as seed yield, all of these organs contribute to the final outcome. In terms of carbon metabolism, these organs are often classified as 'source' or 'sink' organs (K€ orner, 2015; White et al., 2015; Ludewig and Sonnewald, 2016) . And while a great deal of current research is based on boosting photosynthetic carbon assimilation (source activity), sink activity is also believed to co-limit grain development in many major crops (Smidansky et al., 2002; McCormick et al., 2009; Slewinski, 2012) . Indeed it is evident on theoretical grounds and from transgenic experiments that both source and sink processes co-limit whole plant carbon fluxes (Wingenter et al., 2010; Jonik et al., 2012; K€ orner, 2015) . This situation is demonstrated by metabolic control analysis of net carbon flow in potatoes and soybean (Sweetlove et al., 1998; Farrar and Jones, 2000) and by specific genetic manipulations of either source processes such as photosynthesis (Peterhansel and Offermann, 2012; Carmo-Silva et al., 2015; Simkin et al., 2015; Timm et al., 2015) or sink processes such as carbohydrate synthesis or transport of storage reserves (Smidansky et al., 2002; Wu and Birch, 2007; Wingenter et al., 2010) both of which have led to increases in plant growth and yield. Moreover, the precise balance between source and sink control of whole plant C and N fluxes is variable, depending on developmental stage and environmental conditions (Sweetlove and Hill, 2000; K€ orner, 2015) . Most importantly, from an engineering perspective there is a strong argument to be made that manipulation of both source and sink metabolism is required for maximal yield increases. This is because manipulations of just the source will lead inevitably to a shift of flux control towards the sink and vice versa. Thus, if a plant is engineered to have a greater capacity for photosynthetic C assimilation, for example, the conversion of the additional photoassimilate into sinkorgan biomass will become more strongly limited by the capacity of the sink tissue to take up and utilize the photoassimilate. It is thus increasingly being recognized that the greatest impact on yield will be achieved if both source and sink are manipulated simultaneously (Reynolds et al., 2012) .
This situation has been convincingly demonstrated in transgenic potato plants. First, transgenic plants were created that overexpressed both the plastidial glucose-6-phosphate transporter and adenylate transporter in tubers (to increase the capacity for starch synthesis) and these lines were then super-transformed with constructs to ensure either downregulation of leaf ADP-glucose pyrophosphorylase or overexpression of a soluble pyrophosphatase in the cytosol of leaf mesophyll cells. These manipulations of leaf metabolism had the effect of increasing the rate of export of sucrose from source leaves at the expense of storage of starch, thereby enhancing source activity (Jonik et al., 2012) . The resultant triple transgenics had a doubling of tuber starch yield. An additional consideration is the capacity of the transport systems that connect source and sink organs. On their own, overexpression of sugar transporters have not led to modified long-distance carbon transport (Leggewie et al., 2003; Eom et al., 2015) , but they can be expected to have more effect when combined with increases in source and sink capacity. Transporters are also likely to be important in delivering altered whole plant biomass allocation (harvest index) when manipulated in tandem with regulators of source-sink partitioning regulators such as sugar-partitioning-effecting protein, purple acid phosphatases and hormonal and sugar transduction cascades (Rossi et al., 2015) . Integration of metabolic models with models of whole plant-level processes will also greatly assist in the design of metabolic engineering strategies for source-sink engineering. For example, a recent study integrated steady-state organ-specific metabolic models with a dynamic whole plant model of barley (Grafahrend-Belau et al., 2013) . In doing so, the authors were able to identify potentially inefficient metabolic processes with respect to grain filling. It seems reasonable to assume that adoption of further circuits of modelling of a similar type followed by experimental validation would enhance our ability to design effective strategies for engineering the source-sink balance to useful agronomic ends.
Another facet of source-sink biology that the plant metabolic engineer should take into account is the different biochemical context of the two types of organ. The majority of our crop species have been bred to exhibit a high harvest index (the ratio of biomass of agronomic importance to total biomass). Thus crop plants have large sink tissues whose biochemistry is set up to convert large quantities of sugars and amino acids from the phloem into storage compounds. This situation makes them an ideal tissue for accumulation of industrially useful products-by diverting the incoming nutrients into the target compounds at the expense of the endogenous storage compounds. This approach has already met with considerable success in terms of the introduction of novel soluble and polymeric metabolites including sugars (B€ ornke et al., 2002) , fructans (Hellwege et al., 2000) , tailored starches (Sonnewald and Kossmann, 2013) and even plastics in plants (Bohmert et al., 2002) . However, it is important to note that several of these engineering interventions came at the cost of a yield penalty and in the case of some strategies, such as the production of plastics in plants, this was dramatic. Often this can be traced back to competition between the introduced pathway and endogenous metabolism for a key precursor metabolite (e.g. acetyl CoA in the case of plastic biosynthesis). Hence further iterative engineering is required to ensure that the production of heterologous compounds is not at the expense of essential endogenous metabolic processes.
CONCLUSIONS AND FUTURE PERSPECTIVES
The effort required to re-engineer central metabolism in plants or any other organism is substantial. Central metabolism is resistant to enforced change because of multiple regulatory mechanisms that operate to keep a highly connected network at steady state. Because we lack a complete catalogue of these regulatory mechanisms and their interactions, it is currently difficult, if not impossible, to accurately predict the outcome of a transgenic intervention in central metabolism. However, the adoption of an iterative 'design-build-test-learn' metabolic engineering cycle using fast-to-transform model plants as test beds has the potential to dramatically improve the outcome of the engineering and to do so within a shorter timescale. This approach will be facilitated by new techniques that enable the incorporation of multiple transgenes into plant genomes (both nuclear and plastid), and by increasingly detailed computational models of plant metabolic networks.
Looking beyond this direction, there is a number of other practical and conceptual refinements that could be envisaged. The first refinement is the coupling of rational intervention with undirected mutagenesis to fine tune the interaction between introduced enzymes and the endogenous metabolic network. In microbes, the ability of background mutagenesis to improve the functioning of introduced metabolic pathways has proved to be so effective that approaches have been developed to couple mutation rate with the output of the introduced pathway (Chou et al., 2013) . The second refinement is to understand how best to transfer an optimized metabolic engineering intervention from a model testbed species into a crop species without the requirement for extensive re-optimization in the crop species. While test-bed species are absolutely necessary to rapidly progress through the design-build-testlearn cycle multiple times, it is clear that the genetic background of the host organism can alter the outcome of the transgenic interventions (Kliebenstein, 2014) . Although central metabolism is highly conserved, there are nevertheless subtle differences in enzyme properties and regulatory networks that alter the quantitative relationships between fluxes across the network. Other factors that will also be relevant are the presence of different gene-regulatory systems that detect and respond to metabolic status through metabolite sensing. Additionally, epigenetic changes can affect transgene stability or the expression response of endogenous genes. Continued efforts to extend the cataloguing and understanding of these generegulatory networks will ultimately bear substantial fruit when they are sufficiently comprehensive as to be incorporated into metabolic network models. This direction may also open up the way for greater exploitation of endogenous or synthetic transcription factors for metabolic network manipulation. Indeed several transcription factors that have considerable influence on central metabolism have been found serendipitously following characterization of transgenic lines that were engineered for secondary metabolite production (Dal Cin et al., 2011; Zhang et al., 2015) . The final development that would benefit the community of plant metabolic engineers would be better archiving and reporting of all stages of iterative metabolic engineering experiments, including those that failed. Not only would this approach prevent repeated exploration of unfruitful strategies by different research groups, but a properly archived database of metabolic engineering experiments and their outcomes would facilitate the implementation of machine learning and statistical modelling approaches to help devise future metabolic engineering strategies.
